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Abstract 

The study was conducted in the Babati district of Northern Tanzania where farming and grazing are the 
main activities and land degradation is a pressing problem characterized by high erosion prevalence and 
soil degradation risk. Modeling to identify areas prone to land degradation was carried out with the 
integration of Remote Sensing and GIS operations, specifically overlay analysis by combining several 
causative factors in an ARC/INFO environment. The first emphasis was the identification of areas with 
physical degradation which corresponded with the highest erosion hazard, categorized based on remotely 
sensed and field survey data. This effort resulted in the roll out of an add-on tool box in ArcGIS for erosion 
hazard assessment (accessible at: ciat.cgiar.org). Field survey data was obtained through routine field 
verification and validation visits to ground truth results from the erosion hazard assessment. The resulting 
physical degradation (vegetation degradation and soil erosion hazard) analyses were then compared and 
overlaid over the chemical degradation analyses (soil organic carbon, salinization and cation exchange 
capacity) to attain a land degradation product.  

The study results revealed seasonal differences in the erosion hazard index and also resulted in four 
degradation categories: Not degraded, Transitional zone non-degraded, Degraded and Severely Degraded. 
Based on analyses conducted to identify the predominant pixels of a given degradation category for each 
of the land uses in Babati; results revealed that cultivated land was predominantly degraded (37%) while 
forests (15%) and grasslands (47%) were in the transition zone non-degraded category. Cultivated lands 
form the mainstay of the populations in the study area yet these areas showed high levels of land 
degradation resulting from high soil losses and deficiency of nutrients and soil organic carbon in the soils. 
Given that the transition zone non-degraded accounted for about 60% of the area being on the borderline 
to potential degradation. Results revealed the need to carefully design degradation recovery plans to 
prevent losing these valuable yet vulnerable lands. It is hoped that land degradation assessment results 
emerging from this study will provide relevant guidance for decision makers to take the necessary actions 
to target restoration options for both the most vulnerable yet economically beneficial degraded areas. 

1. Introduction: 

Land degradation can be described as the reduction in the present and prospective land quality and 
production, due to natural or anthropogenic dynamics (Rabia, 2012; Alexakis et al., 2012). Earlier work on 
land degradation surmised that it leads to long-term decline in soil’s quality, productivity and beneficial 
functions of value to humans (Doran and Parkin, 1994; Lal, 2001). Soil erosion by water is one of the most 
significant forms of land degradation that affects sustained productivity of land use yet, its extent, severity, 
economic and environmental impacts remain obscure. Moreover, the global and regional land area 
affected by land degradation are tentative and subjective (Mallick et al., 2014). Currently, there are two 



 

 

approaches commonly in use in the estimation of soil loss for land degradation assessment. First is the 
assessment of soil erosion on the basis of a point or a single plot (Kovar et al., 2011; Othman & Ismail, 2012; 
Peter et al., 2014), and the second approach takes into account the geographical patterns of the area of 
interest (Parveen & Kumar 2012; Mallick et al., 2014). The limitation of first approach is the difficulty of 
understanding the erosion phenomena in terms of spatial patterns and relationships between units of the 
land under study, especially at a landscape level. Accordingly, for effective restoration planning, the latter 
methodology would be preferred, where both remote sensing and GIS techniques aid in the analytical 
processes (Alexakis et al., 2012; Csafordi et al., 2012). This study employed the second approach to assess 
physical land degradation by estimating soil loss areas and vegetation degradation in the landscape and 
integrated this with chemical soil degradation associated with soil organic carbon, cation exchange capacity 
and soil salinization. The goal of this study was to design a geo-processing model capable of simulating 
various input datasets and outputting a guidance map for land degradation in the study area. The specific 
objectives of the study were three-fold: (i) Create an ArcGIS add-on geo-processing (GP) tool for erosion 
hazard modelling; (ii) Produce maps showing erosion hazard potential of different areas across different 
seasons of the year in Babati District; (iii) Develop a land degradation guidance map that identifies hotspots 
of physical and chemical degradation for targeting economically beneficial restoration activities. 

2. Materials and Methods 

2.1. Site characteristics:  

Figure 1: Location of target sites in the villages of Long, Seloto and Sabillo in Babati District, Tanzania 

The study was conducted in the Babati district of Northern Tanzania (Fig. 1), located between the latitudes 
3º and 4º  south and the longitudes 35º and 36º with an altitude between 1,650 to 2,250 meters above sea 
level. The Region is a part of the Great Rift Valley and the landscape is characterized by mountains, 
undulating hills and plains. The precipitation varies with the altitude and ranges from 1200 mm/year in the 
highlands down to 500 mm/year in the lowlands. The rains are bimodal with the short rains beginning in 
November and ending in the December/January period while the long rains begin in February and end in 
May. The short and the long rains are often connected and undistinguishable (Bishop-Sambrook, 2004). 
The main food crops are maize, paddy, sorghum and common beans while coffee, pigeon peas, sunflower 
and sugarcane are the most important cash crops (Ringo et al., 2002). The predominant cropping pattern 



 

 

for the long rains is maize inter-cropped with pigeon peas or beans. Most farmers are not able to cultivate 
crops during the short rains as they used to, due to a changed and more unreliable short rain period 
(Bishop-Sambrook, 2004). The soils are mainly of volcanic origin and range from sandy loams to clay alluvial 
soils. The content of organic material and availability of phosphorus is generally low across the district 
(Jonsson, 1996). Many farmers in Babati District are agro-pastoralists and the number of livestock in the 
area is high, livestock rearing constitutes about 35% of the overall land use in the district (Ringo et al., 
2002). 

2.2. Erosion modeling 

Erosion hazard modeling needs to consider a variety of factors that influence the likelihood of erosion 
occurring in an area which requires that both the erodibility of the soil, as well as the erosivity caused by 
weather be taken into consideration (Prasannakumar et al., 2012). However, it is becoming increasingly 
clear that the anthropogenic influence caused by man’s activities are critical in determining soil erosion 
hazard (García-Ruiz, 2010). As such socio-economic factors need to be considered when looking at the 
broader issues that propel land degradation. In this study some of the factors considered by the Modified 
Universal Soil Loss Equation (MUSLE) were used as the base of the biophysical factors to be included in our 
model (Agele et al., 2013; Kumar & Kushwaha, 2013). To the commonly considered biophysical factors were 
added socio-economic considerations that play a role in promoting soil erosion.  

Against this background, we developed an erosion hazard index (EHI) approach to evaluate the erosion 
sensitivity of landscapes and map erosion hotspots. The EHI model is a soil erosion risk model that defines 
the relative hazard of each grid (unit area) in a given study area is exposed due to the causative factors of 
soil erosion. The EHI is a step further to some of the above ‘index-based’ semi-qualitative approaches as it 
is designed to map the spatial variability of soil loss. Though the model is based on quantified biophysical 
data such as rainfall amount, soil type, topography and vegetation indices, the model is semi-qualitative in 
nature in that it defines the risk according to a scale of severity rather than using quantitative figures. 
Various other studies such as PSIAC (1968); Hadley et al. (1985); Verstraeten et al. (2003); Lawrence et al. 
(2004); de Vente et al. (2006); Wu and Wang (2007), Tamene et al. (2006a, 2011), applied a similar 
technique in their assessment of soil erosion risk and map hotspot areas of erosion that require prior 
intervention Based on a number of thematic GIS layers and remote sensing data, they integrated a variety 
of physical and managerial factors that are dominant in water-based soil erosion in their study areas. 

The EHI model borrowed heavily from the USLE in terms of biophysical factors. However, in the EHI we 
have included other socio-economic drivers that play significant role in initiating and/or aggravating soil 
erosion and land degradation (Bhushan and Rai, 2004). For instance, physical infrastructure such as dirt 
roads have shown to have a huge effect on soil erosion (Forman, 1998). Harden (1992) showed that roads 
and footpaths were among the most active run-off generating components in hilly landscapes and thus 
deserve to be incorporated into erosion risk models especially at the watershed scale. Due to this, models 
such as spatially distributed soil erosion and sediment delivery model (WaTEM/SEDEM have been designed 
to capture the impacts of footpaths and field boundaries on sediment yield (e.g., (e.g. Van Oost et al., 2000; 
Van Rompaey et al., 2001, 2005, 2007; Verstraeten et al., 2002, 2007; Verstraeten and Prosser, 2008). 
Other findings also showed that road embankments contribute heavily to soil erosion and need to be 
included in soil loss assessments (Cerda, 2007). The distance from roads has also been shown to be a 
determinant in soil erosion as indicated by several studies (Shi et.al, 2008, Mohammadkhan, 2011).Similarly 
water channels such as streams and rivers have been found to contribute to erosion (Hooke, 1979). For 
instance, Wolman (1967) showed that cycles of erosion and deposition usually occur within such channels, 
a finding that was dovetailed by Trimble, 1997. Similar to distance from roads, distance to rivers is also 
crucial in assessing the sensitivity to erosion of landscapes (de Vente et.al, 2008; Tamene et al., 2006). The 



 

 

effect of land use and land cover changes as well as plant cover/biomass on soil erosion has also been 
extensively studied (Zuazo et.al, 2008; Nunes, 2011; Bakker, 2008; Bork, 2003). 

Population pressure as a factor of land degradation has been widely studied and shown to be a critical 
factor in the occurrence of degradation processes. One of these studies carried out in Eastern Africa by 
Grepperud (1996) tested the population pressure hypothesis, which states that under comparable physical 
conditions heavily eroded areas tend to occur in highly populated regions. The findings showed that as both 
human and livestock population pressures exceed a certain threshold there is rapid degradation of land. 
Pascual & Barbier (2003), also investigated the population pressure hypothesis and found that particularly 
for poorer households and communities, population density increase led to an increase in clearing of forest 
land and was an important driver for soil degradation. 

The overlay analysis was conducted in two parts, with sub-models of the major factors being created prior 
to their linking up to form the larger overall model. This was done to independently include the effect of 
each of the different factors that contribute to erosion. For instance soil texture as a factor is independent 
of a factor such as topography. Each of these factors contributes an independent component to the erosion 
hazard which is why they are separately modelled before eventual summation into a more global model. 
This is a commonly used technique in solving multi-criteria problems through weighted overlay operations 
(Carver, 1991). The erosion model used by this study can be mathematically expressed by the following 
additive equation: 

EHI = PD(w1) + LC(w2) + SC(w3) + T(w4) + P(w5) + CF(w6) 

Where: 

EHI is the erosion hazard index, a scale showing the relative risk of erosion across the landscape in order of 
increasing magnitude. 

PD is the population density component. Composed of both human population density and livestock 
population density. 

LC is the land cover component. It is composed of both the land use as well as biomass. 

SC is the soil characteristics component. Determined by the soil texture property. 

T is the topography component. It includes both the slope and the stream power index which is an extended 
proxy of slope length. 

P is the precipitation component. It considers the effect of rainfall erosivity on erosion risk. 

CF is the channel features component. It is composed of geographic features such as roads and rivers which 
are vulnerable to erosion when they act as water conduits. 

w1 – w6 are the associated weights that each factor is multiplied by before addition. 

The schematic in Figure 2 describes the methodology applied in the execution of these analyses and further 
shows the linkage of the erosion hazard index to chemical soil degradation. 

 

 

2.3. Input layers 



 

 

The layers used in this study were selected to best model different factors represented by the sub-models 
as exemplified in Table 1. Table 1 provides a breakdown of the datasets used in the component sub-models 
where each was assembled separately using the input layers that were relevant to the erosion factor being 
modelled. In order for some sub-models to be built, it was necessary to derive extra datasets from some of 
the original layers. An important consideration was that the various layers represented different 
information and were in different measurement units. In order for these different layers to be combined 
within sub-models, the layers had to be standardized to a common scale and unit of measurement. 
Therefore harmonization of data sets using raster reclassification tools was conducted on the input layers. 
This methodology has been used for soil erosion risk studies (Rabia, 2012; Jiang, 2013). 

Further details on model design and details of the datasets has been provided as supplemental material in 
Annex 1. 

 

 

 

Table 1: Layers included in the model and their sources. 

Layers Dataset 

Biomass NDVI raster from SPOT VGT 

Soil Texture Soil texture raster from ISRIC soil database 

Slope Derived from SRTM 30m DEM 

Stream Power Index Derived from SRTM 30m DEM 

Precipitation Rainfall dataset from TRMM 

Population Density Population dataset from NASA GPW 

Livestock Density Livestock density dataset from FAO STAT 

Land Use / Cover Land cover land use dataset from GLC 30 

Roads Road layer from Digital Chart of the World 

Rivers Hydrology layer from Digital Chart of the World 

Distance to Roads Generated from the roads layer 

Distance to Rivers Generated from the rivers layer 

 

2.4. Weighting procedures and criteria 

In both the sub-models as well as the overall model, the input layers contribute differently to the factor 
being modeled. As such, it was necessary that the input layers be assigned weights corresponding to their 
influence before they were analyzed jointly with others. In this study, weights were allocated according to 
the analytical hierarchical process (Banai, 1993; Schmoldt, 2013, Yalcin (2008), Komac (2006), and Nekhay 
et.al (2009). The analytical hierarchy process (AHP) is a means of mathematically assigning weights to the 



 

 

different factors in a multi-criteria decision analysis (Forman and Gass, 2001). Pairwise comparisons are 
used to rate the different factors and assign weights based on the outcome of the ranking (Winkler, 1990). 

Field observations were done in July 2015 to collect training data for the AHP process in the study area. 
Points to be visited for training data were selected using a stratified sampling strategy.  Each of the major 
contributing factors outlined in Table 1 was quantified at each of these sampled locations. The observed 
data at all the visited points was used to facilitate the pairwise comparisons in the analytical hierarchical 
process and thus derive the relevant weights for the input factors. The susceptibility of a point to erosion 
was based on the strength of the contributing factors at the point as well as the observed health of the 
surrounding land. This approach takes into consideration the contextual setting of a location. For instance 
a point in a neighborhood with rills or a gulley would be determined more likely to get eroded compared 
to a similar point surrounded by pristine lands. From this stratified sampling, 40 locations with varying levels 
of erosion hazard were obtained to provide data for the pairwise ranking. The resulting rank was then used 
to weigh the major factors in the model according to the importance of each relative to the others.  

The analysis in this study was disaggregated based on a seasonal criterion in order to take into account the 
phenological changes that occur between seasons while teasing out the contribution of rainfall to 
degradation trends within these landscapes. Model runs were conducted at two distinct periods, using data 
from the peak of the dry season (Table 2) and the same model run conducted using data from the wet 
season (Table 3). The datasets that contained seasonal variations useful in distinguishing the wet from dry 
season were precipitation and biomass. Since a major part of this analysis utilized remote sensing data, the 
phenological differences between the seasons were accurately captured within our data set. This 
disaggregated approach allowed us to accentuate these differences allowing for closer examination and 
comparison of erosion hazard between seasons. 

 

 

Figure 2: Schematic logic work flow for erosion hazard modeling with linkage to overall land degradation 
assessment and management options. 
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Mendas and Delali, 2012 used weighted sum methods for land suitability support mapping of agricultural 
areas in Algeria. In our study, the outputs of the sub-models were similarly combined with an additive 
weighted overlay analysis, a type of spatial analysis that is commonly used to solve multi-criteria problems 
such as that being addressed by this study. The outputs from the sub-models, which form the input datasets 
in the overall analysis, are multiplied by the relevant weight identified for each factor. The resultant raster 
data from this process are then combined to produce the final output raster which represents erosion 
hazard for each cell. In this raster, the higher the cell value the higher the erosion hazard. Features such as 
water bodies were masked in the input layers to exclude them from the analysis.  

The weights assigned to factors in the model are not universal since they vary between geographical 
locales. In lieu of pre-existing data from the literature, this necessitates that a field mission be undertaken 
to observe the study area and assign weights to the model thereafter. One of the advantages of this 
flexibility is that the model can be customized to fit any area since its core parameters can be localized. 

Table 2: Weights assigned to factors in the dry season model based on field observation data and AHP. 

Contributing factor Percent weight 
Vulnerable features 5 
Topography 30 
Land cover  10 
Population density 45 
Soil characteristics 5 
Rainfall 5 

 

*Vulnerable features are pre-existing water channels such as seasonal rivers, dirt roads, and 
trenches/gulleys where water runs off during rain storms. These features tend to have exposed walls on 
the sides of the channels with little vegetative cover, which makes them highly vulnerable to further 
erosion. The fact that they also act as the natural pathways for water means they are more likely to be 
exposed to the main agent of erosion compared to other areas. 

 

Table 3: Weights assigned to factors in the wet season model based on field observation data and AHP. 

Contributing factor Percent weight 
Vulnerable features 30 
Topography 25 
Land cover and use 25 
Population density 5 
Soil characteristics 5 
Rainfall 10 

 

 

 

 



 

 

2.5. Land Degradation assessments 

2.5.1. Soil Organic Matter 

Soil organic carbon (SOC) is a potential soil fertility indicator for regulating soil functionality in tropical 
farming systems, if certain SOC fraction thresholds are below or above critical levels, the desirable soil 
functions may be reduced or improved respectively. Krull, Skjemstad and Baldock (2004) discussed some 
of the minimum and maximum thresholds of SOC, above or below which the effects of SOC on soil functions 
are noticeable. However, Sparling and Schipper (2002) argued that other than defining such maximum 
values, it is reasonable if minimum SOC levels are established to inform the farming community on levels 
below which there would be loss of important soil characteristics. In this study; we used the latter approach 
and specified the minimum threshold as being about 20.5 g kg-1 (~2%) SOC level as appropriate for 
supporting crop production in SSA (Berger, 1987; Musinguzi, 2013). 

2.5.2. Cation Exchange Capacity 

Cation-exchange capacity (CEC) is the maximum quantity of total cations that a soil is capable of holding, 
at a given pH value, available for exchange with the soil solution (with most of the soil's CEC occurring on 
clay and humus colloids). The CEC is used as a measure of fertility and nutrient retention capacity and is 
expressed as centi-mol of Hydrogen per kg (cmolc/kg or 100 meqc/100g). These attributes serve as 
surrogate indicators for the exchangeable bases (Ca, Mg, Na and K) in the soil matrix (Shakesby et al., 2002). 
The higher the CEC the more clay or organic matter present in the soil. This usually means that high CEC 
(clay) soils have a greater water holding capacity than low CEC (sandy) soils. Low CEC soils are more likely 
to develop potassium and magnesium (and other cation) deficiencies. Similar to work conducted elsewhere 
on CEC thresholds, this study set a minimum value of 10 cmolc/kg (van Noordwijk, 1997 and Murage, 2000).  

2.5.3. Analysis of EHI and soil chemical properties  

The study used a hierarchical approach by building on results from the erosion hazard index (EHI) as a base 
layer for land degradation assessments. It hinged on the fact that soil erosion is one of the most significant 
forms of land degradation that affects sustained productivity of land use (Alexakis et al., 2012; Mallick et 
al., 2014). However, the assessment of physical soil losses only forms part of the story because quite often, 
there is little significance accorded to the role of the nature and properties of soils within agricultural 
landscapes in maintaining ecosystem integrity. Therefore, in addition to the EHI, this study further assessed 
soil chemical properties specifically the Soil Organic Carbon (SOC) and the Cation Exchange Capacity (CEC). 
The soil chemical data was obtained from sentinel sites combined with collated and harmonized soil legacy 
data provided by ISRIC (ISRIC, 2014). As exemplified by the conceptual matrix (Figure 2); the EHI was 
categorized into 7 distinct categories (1-2: no erosion; 3: low; 4: moderate; 5: high; 6: excessive; 7: severe. 
For the degradation assessments, we used values >= 4 as a threshold to signal concern for soil losses; any 
pixels that showed < 4 did not pose a threat to erosion. 

The thresholds for SOC (2%) and CEC (10 cmolc/kg ) outlined in Sections 2.5.1 and 2.5.2 were used to 
analyze the % of pixels from the EHI layer with raster algebra that were meeting criteria outlined in Table 
4. It should be noted that there are borderline cases that could result in missing data if such calculations 
are conducted on Raster images which was compensated for by ensuring that all values of pixels 
represented in the EHI were included through computations that involved converting the borderline pixels. 

 

Table 4. Procedural analysis of EHI, SOC and CEC for land degradation categories 



 

 

EHI level (Pixels) SOC (%) CEC (cmolc/kg) Raster Algebra Category generic 
description 

< 4 Below moderate >=2 >= 10 ("EHI"<4)&("CEC.tif">= 
10)&("SOC.tif" >=2%) 

Not Degraded 
(low erosion risk and 
good fertility status) 

>= 4 Above moderate >=2 >= 10 ("EHI">=4)&("CEC.tif">= 
10)&("SOC.tif" >= 2%) 

Transitional zone 
(high erosion risk but 
good fertility status) 

< 4 Below moderate <=2 <= 10 ("EHI"<4)&("CEC.tif"<= 
10)&("SOC.tif"<=2%) 

Degraded 
(low erosion risk but 
poor fertility status) 

>= 4 Above moderate <=2 <= 10 ("EHI">=4)&("CEC.tif"<= 
10)&("SOC.tif" <=2%) 

Severely degraded 
(high erosion risk and 
poor fertility status) 

 

2.6. EHI Data analysis 

Validation data was collected in the field to cross-check the accuracy of the model output. This was done 
during the period of mid to late 2015, specifically around the months of July to September. A random 
sampling strategy was used to generate 40 random points for field visit to validate the model. The points 
were generated using the genrandompnts command of the Geospatial Modelling Environment tool and 
navigated to using handheld GPS units. Sample points were visited and the prevailing land cover, amount 
of biomass, slope intensity and degradation conditions noted. The neighborhood around a sample point 
was also observed in each of the cardinal directions similar to what was done when collecting the training 
data. From these indicators, coupled with a general visual analysis of the site, the erosion hazard was 
determined and classified using simple categories. 

The model output was compared against the field data and statistical indices using the Cohen’s kappa 
coefficient were computed. This statistic allows for measuring inter-rater agreement on categorical items 
while accounting for agreement due to chance alone.  

Given 2 raters where each classifies X items into N mutually exclusive classes, the equation for kappa is 
stated as follows: 

𝑘 =
௉௢ି

ଵି௉௘
= 1 −

ଵି௉௢

ଵି௉௘
      Equation 1: 

Where Po is the relative agreement among raters, and Pe is the probability of chance agreement. κ = 1 
when the raters are in full agreement while κ ≤ 0 when there is zero agreement among the raters other 
than what would be expected by chance (as given by Pe) (Cohen, 1960). 

Additionally, the model output were examined against the contributing factors to better understanding the 
dynamics between erosion and its causative agents. A covariance matrix is used to measure how changes 
in one variable are associated with changes in another. It helps define the degree to which 2 variables are 
linearly associated. In the context of this study, a covariance matrix between the erosion hazard and the 
contributing factors was computed. To assess the strength of associations, a correlation matrix was 
computed to scale the covariance matrix to between 0 and 1 in order to represent no linear association 
and perfect linear association respectively. Only tabulated values for the correlation matrix are provided in 
Table 5. 



 

 

2.7 Seasonal variations 

Further analysis aimed to understand how erosion hazard changed between the wet and dry seasons. Given 
that the erosion hazard model has N classes of erosion hazard, it was critical to find out if there were 
transitions between these erosion classes across the seasons. For this analysis, fractal dimensions were 
used to show how the erosion hazard changes across the landscape from one class to another as the 
seasons change. 

Fractal dimension is a measure of shape complexity derived by examining its perimeter against its area. It 
is defined as the ratio of the log of the number of new parts N, to the log of scale, ε. The mathematical 
equation for calculating fractal dimension DF is: 

𝐷𝐹 = log𝑁/ log 𝜀      Equation 2: 

In this study, the fractal dimension index was used to give an indication of how fragmented the erosion 
hazard classes were at the peak of each season. By subtracting the fractal dimension of the dry season from 
that of the wet season, we can determine how the degree of fragmentation of the erosion hazard classes 
changed from the wet season to the dry season. This acts as an indicator of transitions between erosion 
hazard classes from the wet season to the dry season.  The following formula was used to identify class 
transitions, CT, and gives an indicator of the magnitude of change. 

𝐶𝑇 = 𝐷𝐹𝑤𝑒𝑡 − 𝐷𝐹𝑑𝑟𝑦     Equation 3: 

A positive result establishes that the fractal dimension has reduced across the seasons. This indicates less 
fragmentation of the erosion hazard classes in the dry season compared to the wet season. What this 
indicates is that during the dry season erosion hazard concentrates into a few classes that dominate the 
landscape. However, in the wet season the dominance of these classes is diminished as erosion hazard 
across the landscape distributes into other classes. A negative result from the formula would indicate that 
it is the dry season that experiences more class fragmentation. Thus we are able to capture transitions 
between erosion hazard classes across the seasons. The numerical value of CT indicates the magnitude of 
the class transitions across seasons.  Fractal dimension index metrics were computed at the class and 
landscape level for both erosion hazard maps. 

 

3. Results and discussions 

 

3.1. The Dry Season Model 

Results from this model show that places with high livestock populations are at the highest risk of erosion 
during the height of the dry season. This result is in line with the validation data from the field visit which 
identified livestock-related degradation as being the strongest erosion determining factor during dry 
seasons. While other factors such as topography and land use are significant, it is areas that had higher 
livestock density that face bigger risk to soil erosion during the dry season. Figure 3 shows a map of the dry 
season erosion hazard for Babati district of Tanzania. From the correlation matrices, the association 
between the different causative factors and the erosion hazard was shown as depicted in Table 5.  

Table 5: Key to deciphering variables in correlation matrix* 



 

 

Value Variable Dry Season Correlation 
matrix of erosion hazard 

index and causative factors 

Wet Season Correlation 
matrix of erosion hazard 

index and causative factors 
1 Erosion Hazard Index 1.00000 1.00000 
2 Land Use Land Cover 0.13724 0.28441 
3 Biomass 0.27540 0.65576 
4 Livestock Population Density 0.80084 0.20845 
5 Human Population Density 0.27539 -0.00992 
6 Stream Power Index -0.89780 -1.20689 
7 Slope 0.30089 -0.06253 
8 Road Channels 0.07595 0.22859 
9 River Channels 0.04201 0.34259 
10 Distance to Roads 0.18148 0.13219 
11 Distance to Rivers 0.06730 0.18937 
12 Silt  -0.10642 0.12178 
13 Sand -0.00574 0.07481 
14 Clay 0.06906 0.02166 
15 Precipitation 0.18495 0.15817 

* A kappa coefficient of 0.83 was obtained from field validation using ground truthing data. This indicates 
a confidence of 83 percent in the model’s ability to predict erosion hazard hotspots on the ground.   

3.2. The Wet Model 

Results from this model show that vulnerable features which act as water-conducting channels such as 
seasonal rivers and roads are at the highest risk of erosion during the wet season. However they occupy a 
small percentage of the total land area which makes their impact less adverse than other land uses such as 
agricultural lands.  Areas with steep slopes are also indicated to be highly vulnerable, as well as areas with 
sparse vegetation cover. This is particularly critical in croplands where the slope is rather steep. However, 
it is the channels where water runs that are at the highest risk of being eroded during the wet season, such 
as gulleys, dirt roads, seasonal streams. These results are consistent with the validation data from the field 
visit which identified these areas as displaying high susceptibility to erosion. Figure 4 shows a map of the 
wet season erosion hazard for the same district as above. The results of the analysis per season are shown 
in Table 6. 

Table 6. Seasonal fractal dimension index 

EHI Class 
Metrics 

Mean Area-
Weighted 

Mean 

Median Range Standard 
Deviation 

Coefficient 
of variation 

Perimeter 
area fractal 
dimension 

Dry season 

2 1.0246 1.0285 1.0092 0.2319 0.0361 3.5274 1.4477 
3 1.021 1.2244 1 0.2476 0.0380 3.7263 1.5427 
4 1.0217 1.2617 1 0.2956 0.0382 3.7387 1.5634 
5 1.0237 1.2127 1 0.2690 0.0399 3.8960 1.5822 
6 1.0232 1.1395 1 0.1909 0.0398 3.8926 1.6000 
7 1.0354 1.1047 1 0.1394 0.0535 5.1689 1.7171 

Landscape 1.0227 1.2302 1 0.2956 0.0389 3.8074 1.5592 
Wet season 



 

 

 

 

 

 

 

CT  =  DFwet  -   DFdry  = 1.5675 – 1.5592 = + 0.0083 
 

 

3.3. Land Degradation assessments 

As portrayed in Table 4, using the functions outlined for raster combinations of EHI and soil chemical 
properties (Figures 4, 5 and 6), the results revealed four distinct degradation categories namely i) Not 
Degraded; ii) Transition Zone Non-degraded; iii) Degraded; iv) Severely Degraded and resulted in the land 
degradation map shown in Figure 7. The categories are further explained in the conceptual framework 
(Figure 2). The target sites shown in Figure 7 indicate that they were interspersed among the different 
degradation categories. We present a bird eye’s view of Babati District and the positioning of the target 
sites in the landscape in relation to their degradation classes along a topographic gradient in Figure 8 to 
visually complement the degradation map in Figure 7.   

 

 

2 1.0212 1.1175 1 0.2108 0.0363 3.5546 1.5616 
3 1.0273 1.2043 1.0092 0.2651 0.0415 4.0358 1.5234 
4 1.0282 1.2510 1.0092 0.2846 0.0448 4.3593 1.5613 
5 1.0306 1.1882 1.0092 0.2708 0.0463 4.4931 1.6131 
6 1.0246 1.0875 1.0092 0.2047 0.0364 3.5526 1.5976 
7 1.0041 1.0057 1 0.0092 0.0046 0.4563 NA 

Landscape 1.0277 1.223 1.0092 0.2846 0.0430 4.1836 1.5675 

Figure 2: Dry season erosion hazard map. Figure 3: Wet season erosion hazard map. 



 

 

 

 

 

 

 

 

 

 

Figure. 4: EHI base layer (Wet season) Figure. 5: Soil Organic Carbon Figure.6: Cation Exchange Capacity 

Figure.7: Land degradation map for Babati District, Tanzania 



 

 

 

Figure.8: Bird eye’s view of degradation in target sites within Babati District, Tanzania 

In relation to Figures 7 and 8; the four degradation categories occupied the following proportions of the 
landscape: 9% (Not degraded); 42% (Transition Zone Non-degraded); 26% (Degraded) and 23% (Severely 
Degraded). Beyond the proportions revealed by these percentages for each category, the relative 
distribution of land degradation based on the land use type is provided in Figure 9. Figure 9 presents the 
dominant degradation category observed for each land use type.  

 



 

 

 

Results from Figure 9 depict the category of degradation based on the predominant percentage of 
degraded area for a given land use type. Evidently grassland (47%) and forest (15%) are two land uses that 
show high percentages of the transition non-degraded category while about 37% of the cultivated lands 
fall under the degraded category.  

Figure 10 further represents the land degradation categories by teasing out the relationship between the 
population density (human and livestock) and the degradation classes among five selected target sites. For 
Babati, there was higher human population density within the not degraded and transition zone non-
degraded areas while livestock population density outnumbered the human population with a fair 
distribution across the 3 categories not degraded, transition and degraded. There was minimal observation 
of human and livestock in the severely degraded classes. Similarly for Hallu, the livestock density was higher 
than the human density. Livestock distribution was predominant in the not degraded and degraded 
categories. Both the human and livestock population where minimal in the severely degraded category 
(Figure 10). Results from Seloto revealed a combination of high population densities for both human and 
livestock in the degraded and severely degraded classes with livestock numbers almost 6 times those of 
human on the overall (Fig. 10). The high livestock distribution within the severely degraded areas is a cause 
for concern in this area. There were similar observations noted for both Sabillo and Matufa. At all sites the 
human population densities were consistently lower than the livestock densities with the predominant 
degradation classes being degraded and severely degraded. 
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Figure.9: Predominant degradation category for the different land use types in Babati, Tanzania 
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Figure.10: Representation of land degradation categories at target sites based on population density 



 

 

This study demonstrated the construction of a geoprocessing model that accounts for both biophysical and 
socio-economic parameters to determine the erosion hazard over an area with subsequent assessment of 
land degradation status. The model produced intuitive and robust results that were validated with field 
visits which confirmed satisfactory prediction accuracy of up to 83%. Map study results revealed that a 
myriad of factors drive both erosion and land degradation part of which is a seasonal component (Figures 
2, 3 and 7), the other being anthropogenic (Figures 7, 9 and 10). From the results of the seasonal variability 
analysis, it is clear that there is some transition between the erosion hazard classes as the seasons change. 
The direction of the transition indicated that it was the wet season that experiences higher class 
fragmentation compared to the dry season. However, the magnitude of these transitions is low and 
therefore we do not expect to see drastic differences in the erosion hazard classes’ fragmentation between 
the dry and wet seasons. 

For the case of the EHI, the maps (Figures 2 and 3) clearly showed that vulnerable features such as channels 
stand the greatest risk of erosion during the rainy season. The erosion hazard map for the dry season 
indicated population density (both human and livestock) as being a key determinant of EHI and was further 
evidenced by the high correlation matrix (Table 5). The correlation matrix revealed that the wet season 
erosion hazard is also strongly associated with biomass and land cover (Table 5). Examination of the 
correlation matrices allowed the identification of other major factors influencing erosion hazard in each 
season. These results suggest the need for a 2 pronged strategy to mitigate erosion risk from occurring. 
The dry season strategy would need to focus more around populated places such as areas surrounding 
large villages as well as areas with large herds of livestock especially because the observations revealed 
that land degradation appear to be predominantly population driven (both humans and livestock). On the 
other hand, the wet season strategy would need to focus more around vulnerable features such as road 
and river embankments as well as land use and land cover.  

Based on trends observed in Fig. 9; the livestock footprint is quite big hence presenting missed 
opportunities for use of organic manures that help reduce soil chemical degradation.  In addition, the use 
of forage buffer strips can help in reduction of erosion for environmental stability and restoration of soil 
functions. Considering that livestock was the predominant player in the dry season, options for use of 
irrigation towards forage production may reduce the dry season EHI. This has the potential to increase soil 
residue cover that also reduces rain drop impact during the wet season, allowing more time for water to 
infiltrate.  

Study results indicate that significant portions of Babati District are agrarian yet about 50% of the region 
falls within both the degraded and severely degraded categories hence susceptible to erosion and 
degradation. Both the EHI and degradation levels presented in this study suggest that restoration options 
should consider both soil protection measures and soil fertility management strategies that should be 
implemented depending on the land use type, season and population density of a given area. Landscape 
diligence should be accorded to areas classified as transition zone non-degraded as these could be on the 
verge of potential degradation with very low fertility status, hence restoration options should emphasize 
soil fertility management but should not abandon or ignore soil protection.  

The tools provided here for transformation of multi-criteria datasets on erosion risk and hazard into land 
degradation assessments provides the basis for undertaking and replicating this predictive modelling 
procedure to other areas, where largescale land degradation is of concern. The methods and results 
described in this study would be valuable for understanding the relationship between largescale soil 
erosion risk and land use planning towards avoided land degradation. For SSA, these are very important 
due to the current wave of activities involving land use conversion to other land cover types specifically 
forests and cultivated lands.  



 

 

In conclusion, this multi-criteria approach resulted in the generation of spatial and quantitative 
information on erosion risk mapping and the creation of a land degradation assessment map from the 
combination of multiple parameters (soil chemical and physical degradation factors) interacting with each 
other that aided in the generation of the final quantitative degradation classes. The data showed that 
about 50% of the study area is prone to land degradation suggesting that the outputs of this modeling 
procedure can be used for the identification of land degradation levels that can in turn be used for 
targeted restoration benefits for areas of economic and environmental importance within landscapes. 
The tool can be added into the ArcGIS toolbox and can be accessed at: www.ciat.soils.net 
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Annex I: Factors considered in derivation of the Erosion Hazard Index 
Model design: In this study, the following sub-models were constructed to model the fundamental factors 
influencing erosion hazard: 

Topography – this sub-model evaluates the terrain of the study area to identify areas with steep gradients 
where it is much easier for the agents of erosion to carry away soil. It therefore requires slope data which 
is generated from a DEM. The sub-model also looks at the stream power index for the terrain, a parameter 
used to define potential flow erosion at a given point of the surface. The stream power index is determined 
by the upslope catchment area and the gradient of the slope, which together determine the volume and 
velocity of water flow over a surface and thus the erosion risk. 

Soil characteristics – this sub-model evaluates the susceptibility of the soil to erosion. This is determined by 
the texture of the soil. Coarse texture soils like sand are more susceptible to erosion compared to fine 
texture soils like clay. This model evaluates the proportions of clay, silt and sand in the soil of an area to 
determine areas with higher erodibility. 

Rainfall – this sub-model evaluates the rainfall patterns over the study area to determine erosivity over the 
study area. Precipitation plays a major role in the model due to the kinetic energy of rainfall. This sub-model 
allows the erosivity of different parts of the study area to be included as a factor in the model. 

Land cover and use – this sub-model determines the exposure of the land to agents of erosion. The 
vegetation density over an area is estimated using biomass, which is obtained from an NDVI layer. Places 
with higher biomass are considered to be better protected from erosion than similar areas but with lower 
biomass. Also evaluated is the use that the land has been put to. Land under natural vegetation use such 
as forests tends to have less soil disturbance and so is less vulnerable to erosion. Conversely crop land tends 
to have more disturbed soil which increases its vulnerability to erosion.  



 

 

Vulnerable features – this sub-model evaluates linear features that are vulnerable to erosion such as roads 
and seasonal rivers which typically have steep exposed earthen walls. Run-off typically follows the drainage 
channels established by such linear features resulting in progressive erosion of the walls bounding these 
features. Aside from the channels that characterize such features, they also attract human activity due to 
the services they offer. For instance, roads facilitate transport and thus attract human activity, while rivers 
do the same by providing water. The nearer an area is to such features, the more its ground is affected by 
anthropogenic activity making it increasingly vulnerable to erosion. This sub-model includes such features 
into the analysis to identify areas at higher erosion hazard due to the presence of such features. 

Population density – this sub-model evaluates the erosion risk contributed by human and animal 
populations residing in an area. The higher the population of people, the more the activities that increase 
erosion hazard such as the building of features such as roads and conversion of land use from natural 
classes to cropland. Similarly, the higher the livestock density, the greater the demand for pasture which 
increases probability of overgrazing and thus erosion risk.  

 

 

 

 

 

Addendum 1:    Field Validation data points. 

PointID Latitude Longitude LandUse Biomass Slope ErosionHazard 
1.000000 -4.23201806582 35.84017238730 Natural High Low Low 
2.000000 -4.19157212380 36.02628137900 Natural Low Low High 
3.000000 -4.20068792932 35.75696175380 Anthrop Low Low High 
4.000000 -4.09911792841 35.90056000750 Natural Low Low High 
5.000000 -3.83675243365 35.95691123730 Natural Medium Low Low 
6.000000 -4.29496065820 35.40190630400 Anthrop Low Low High 
7.000000 -3.88784497786 35.94274175650 Natural Medium Low Medium 
8.000000 -3.87368560991 35.86132156950 Mixed Low Low High 
9.000000 -4.25611716318 35.80541861320 Natural High High Low 

10.000000 -4.09364915711 35.66573346020 Anthrop Medium Low Medium 
11.000000 -3.80370343027 35.92878172400 Natural Medium Low Medium 
12.000000 -3.71777313746 35.96979530200 Mixed Low Low High 
13.000000 -4.26085538892 35.62714954030 Anthrop Medium Medium Medium 
14.000000 -4.22747921333 35.27707003270 Anthrop Low Low High 
15.000000 -4.01770780155 35.70795816440 Natural Low Low High 
16.000000 -4.01990971214 35.84598612810 Natural High Medium Low 
17.000000 -4.18680863801 35.37184421690 Anthrop Low Low High 
18.000000 -4.14226375275 36.08992959280 Natural Medium Low Medium 
19.000000 -4.22857472148 35.69292561210 Natural Low High High 
20.000000 -4.17958200034 35.95530413240 Natural Medium Low High 
21.000000 -4.21836348396 35.93599453750 Anthrop Low Low High 
22.000000 -3.88224683377 35.71313470830 Mixed Low Low High 



 

 

23.000000 -4.05527261744 35.71164573820 Anthrop Medium Medium Medium 
24.000000 -4.22561308559 35.89179001930 Anthrop Low Low Low 
25.000000 -4.20838513801 35.55127352570 Anthrop Medium Medium Medium 
26.000000 -4.34315960419 35.78125996130 Natural High Medium Low 
27.000000 -4.02610074532 36.10700052540 Natural Low Low High 
28.000000 -4.16331170637 35.94695279880 Natural Low Low High 
29.000000 -4.18629102918 35.44495670070 Anthrop Low Low Medium 
30.000000 -4.22300528337 35.68538497590 Natural High High High 
31.000000 -4.12959791440 36.18005732430 Natural Medium Medium Medium 
32.000000 -4.35315782497 35.42992906310 Mixed Medium Medium Medium 
33.000000 -4.31601510571 35.72806879210 Anthrop High Low Low 
34.000000 -4.20386950590 35.91110906070 Anthrop Medium Low Low 
35.000000 -4.02151900861 35.74074122980 Anthrop Low Low High 
36.000000 -4.14087648512 35.65870228310 Anthrop Medium Medium High 
37.000000 -4.29337496335 35.26637136080 Mixed Low Low High 
38.000000 -4.21106087286 35.99172890760 Natural Low Low High 
39.000000 -4.16350933444 36.21534853210 Natural Low Low Medium 
40.000000 -3.91488487790 36.07404982950 Natural Low Low High 

 


